Abstract. Multivariate analyses are used widely for determining patterns of assemblage structure, inferring species-environment relationships and assessing human impacts on ecosystems. The estimation of ecological patterns often depends on sampling effort, so the degree to which sampling effort affects the outcome of multivariate analyses is a concern. We examined the effect of sampling effort on site and group separation, which was measured using a mean similarity method. Two similarity measures, the Jaccard Coefficient and Bray-Curtis Index were investigated with 1 benthic macroinvertebrate and 2 fish data sets. Site separation was significantly improved with increased sampling effort because the similarity between replicate samples of a site increased more rapidly than between sites. Similarly, the faster increase in similarity between sites of the same group than between sites of different groups caused clearer separation between groups. The strength of site and group separation completely stabilized only when the mean similarity between replicates reached 1. These results are applicable to commonly used multivariate techniques such as cluster analysis and ordination because these multivariate techniques start with a similarity matrix. Completely stable outcomes of multivariate analyses are not feasible. Instead, we suggest 2 criteria for estimating the stability of multivariate analyses of assemblage data: 1) mean within-site similarity across all sites compared, indicating sample representativeness, and 2) the SD of within-site similarity across sites, measuring sample comparability.
, have been subjected to extensive evaluations, particularly on their robustness to the effect of sampling variance and on their capabilities for recovering a known or assumed data structure (Gauch and Whittaker 1982 , Kenkel and Orloci 1986 , Minchin 1987 , Wartenberg et al. 1987 , Peet et al. 1988 , Jackson and Somers 1990 , Palmer 1993 .
The estimation of many ecological attributes and patterns, such as species diversity and composition (Fisher et al. 1943 , Williams 1964 , Colwell and Coddington 1994 , He et al. 1994 , Cao et al. 1997 , species abundance, and species-area relationships (Tokeshi 1993 , Palmer and White 1994 , Crawley and Harral 2001 depends on sampling effort or spatial scale in general (Levin 1992 , Cooper et al. 1998 . However, the degree to which sampling effort influences the outcome of multivariate analyses has been rarely investigated (Podani 1986 [Volume 21 Y. CAO , despite several studies suggesting that the effect is significant (Kershaw 1961 , NoyMeir et al. 1970 , Gamito and Raffaelli 1992 , Pusey et al. 1998 . Evaluating the effect of sampling effort is important because it influences regional survey designs, site-scale sampling protocols, and the ability of multivariate analyses to detect and quantify ecological changes and patterns.
The effect of sampling effort on the outcome of multivariate analyses could be examined using ordination and clustering techniques. However, several factors confound the interpretation of results: 1) the choice of multivariate technique (Gauch 1982 , James and McCulloch 1990 , Jackson 1993 , such as DCA versus NMDS; 2) the choice of options in multiple steps of an analysis, such as the number of dimensions and the regression models in NMDS or the choice of clustering method in classification; and 3) the removal or addition of sites used in an analysis (Milligan and Cooper 1987, Kenkel et al. 1989) . Simulation (e.g., Minchin 1987 , Faith et al. 1987 may be useful; however, it requires realistically specifying the levels of within-assemblage or between-replicate variation in species composition and abundance, together with the ways in which assemblages differ from one another. (Following Fauth et al. 1996 , we use the term assemblage when referring to a phylogenetically related group in an ecosystem, and reserve the word community for all organisms in an ecosystem.) Arbitrary settings are difficult to generalize or to extrapolate to natural assemblages.
An alternative approach is to evaluate the effect of sampling effort on similarities within and between sites or groups simultaneously. Interpretations of multivariate analyses in pattern analysis and impact assessment often depend upon the separation of sites or groups of sites in multidimensional space, and most multivariate analyses start with a similarity or distance matrix (Green 1980, Legendre and Legendre 1998) . The difference in within-site and between-site similarity determines site separation, and the difference in within-group and between-group similarity determines group separation. Therefore, results based on an evaluation of sampling effort on similarity are more widely applicable than an evaluation of sampling effort on any particular multivariate technique. A direct evaluation based on similarity also 1) avoids concerns over exclusion or inclusion of sites because between-site separation is independent of exclusion or inclusion of other sites; 2) is independent of any particular multivariate technique and the set of assumptions and choices used in the analysis; and 3) aids evaluation of a wide range of sampling effort when numerous replicate samples at a site are taken and resampling techniques are applied.
Our study, using a similarity based approach applied to several data sets, aims to show the extent to which sampling effort affects site and group separation and, by implication, the outcome of multivariate analyses. We also suggest a way to estimate the stability of the multivariate analysis outcome, and discuss implications for field sampling protocols and regional sampling designs.
Methods

Data sets
Data from 3 studies, in which many units were sampled in each of several streams, were used in our analyses (Table 1) . The studies were conducted in Oregon (OR), Virginia (VA), and Wyoming (WY). A brief description of the data sets derived from these studies is given below; more details are available in the original publications.
OR benthic macroinvertebrates. The macroinvertebrate study involved 16 streams in 2 ecoregions (Cascade Mountains and Willamette Valley) of Oregon (Li et al. 2001) . We used data from the 6 sites that were sampled most intensively. Multiple habitats (riffle, pool, cascade, etc.) were sampled and 43 to 58 Surber samples (0.093 m 2 , 500-m mesh) were collected from each site. Each Surber sample was processed as a separate sample unit. Insects were identified to genus, with the exception of chironomids, which were identified to tribe. Molluscs, branchiopods, and copepods were identified to family; other taxa (e.g., annelids and arachnids) were identified to order. Taxa richness at the 6 sites ranged from 31 to 78 (Table 1) .
VA stream fish. Angermeier and Smogor (1995) surveyed fish in 3 Virginia streams, using habitat units (pools or riffles) as sample units and 2-pass electrofishing. The number of individuals of each species was recorded for each habitat unit. Fifteen to 18 habitat units were sur- veyed at the 3 stream sites, and 22 to 31 species were collected (Table 1) . WY stream fish. Patton et al. (2000) sampled fish in 9 Wyoming streams. They delineated 16 contiguous, 50-m-long units at each of the stream sites, used electrofishing and seining alternatively in the 16 units, and recorded the number of individuals for each species in each unit. A 2-dimensional NMDS plot revealed that the units sampled with the 2 different methods were similar, compared with the differences among sites. The 2 different methods were, therefore, treated as replicates (see also Story et al. 1991 , Rosenberg et al. 1999 . Species richness at the sites ranged from 7 to 15 (Table 1) .
Data analysis
The Jaccard Coefficient (JC) and Bray-Curtis Index (BC) are 2 similarity measures commonly used in assemblage analysis (van Tongeren 1987 , Krebs 1989 , and they were both used in all comparisons in our study:
where a ϭ the number of species present in sample i only, b ϭ the number of species present in sample k only, c ϭ the number of species present in both sample i and k, X ij ϭ the number of individuals of species j in sample i, and X kj ϭ the number of individuals of species j in sample k. We resampled each set of original sample units or drew fixed-count subsamples from the pool of all individuals collected from a site to generate samples of different sizes, and used the number of sample units pooled or the number of individuals counted as a measure of sampling effort. This process simulated how composite samples are collected in many bioassessment studies (Wright et al. 1984 , Hawkins et al. 2000b , Waite et al. 2000 , Carter and Resh 2001 .
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Estimating within-site similarity. Within-site similarity indicates how well a site is characterized (Cao et al. 2002) , and it changes with sampling effort, which affects site or group separation. Therefore, we examined how sampling effort affected within-site similarity. We drew an even number of sample units (n ϭ 2, 4, 6, . . . ) randomly from the total N original sample units at a site without replacement. We pooled the first n/2 units to create a new sample; the other n/2 units formed another new sample so that the pair of new samples shared no sample units. We then calculated JC and BC for the pair of new samples. We repeated this process 500 times to obtain mean JC and mean BC for each sampling level. We used a log (x ϩ 1) data transformation for BC calculation to downweight abundant species (Palmer 1993 , Cao et al. 1997 ). The highest sampling effort available to all sites in a data set was constrained by the site that had the fewest original sample units or individuals. The size of new samples generated ranged from 1 to 20 Surber samples for OR benthos, 1 to 7 habitat units for VA fish, and 1 to 8 subreaches for WY fish.
We restricted evaluation of fixed-count sampling effort to the OR benthos data set. We generated samples of different fixed counts by: 1) pooling all the individuals from a site, 2) randomly drawing a fixed number of individuals (100, 200, . . . 1200) from this pool without replacement, 3) dividing the individuals evenly into 2 new samples, and 4) calculating the mean JC and BC from 500 pairs of new samples.
Estimating between-site similarity. Betweensite similarity indicates how distinct 2 sites are, and it is the 2nd component for determining the strength of site and group separation. There were 15 site-to-site comparisons for OR (6 within-ecoregion and 9 between-ecoregion), 3 for VA, and 36 for WY. We trimmed the ranges of sampling effort examined for between-site comparisons to equal the number of within-site comparisons for each data set. For each sampling level, we drew n sample units (n ϭ 1, 2, 3, . . . ) randomly without replacement and pooled sample units for each of the 2 sites being compared to create pairs of new samples. We calculated JC and BC for 500 such pairs of new samples, and calculated means for each sampling level. To evaluate the effect of fixed counts, we randomly drew a fixed number of individuals (100, 200, . . . ) without replacement from the pool of individuals at each of the 2 sites being compared. We then calculated the mean similarity for the 2 sites in the same way as for the within-site comparison.
Determining strength of site and group separation. Van Sickle (1997) defined the strength of site and group separation, or classification strength (CS), as the difference between the within-site or within-group similarity and the between-site or between-group similarity, respectively (i.e., CS ϭ mean similarity within group Ϫ mean similarity between groups ). A higher CS means greater separation. We determined the CS-sampling effort relationship for the OR data at 3 spatial scales: between sites within an ecoregion, between sites from 2 different ecoregions, and between the group of 3 Cascade Mountains sites and the group of 3 Willamette Valley sites. We evaluated the CS-sampling effort relationship for each site-to-site comparison in the other 2 data sets.
Results
Between-site comparisons
Site separation improved with increasing sampling effort in all site-to-site comparisons across the 3 data sets (Fig. 1, Table 2 ). At the OR sites, site separation improved more when the sites compared were from different ecoregions than from the same ecoregion. For example, as number of Surber samples increased from 1 to 20, the mean CS increased by 0.15 (JC) for the within-ecoregion site-to-site comparisons, but by 0.22 for the between-ecoregion site-to-site comparisons (Table 2, Fig. 1A ). CS increased in a similar way, but to a lesser degree, when fixedcounts increased from 100 to 1200 (Fig. 1B , Table 2). CS also increased with sampling effort at the VA (Fig. 1C) and WY (Fig. 1D ) fish sites. Neither JC nor BC consistently produced higher CSs across the 3 data sets (Fig. 1) .
Between-group comparison
Separation between the 2 ecoregion site groups (Cascade Mountains vs Willamette Valley) significantly improved with increased sampling effort (Fig. 2) . creased from 0.08 with 1 Surber sample to 0.20 for 20 Surber samples (Fig. 2) . CS increased more by increasing the number of Surber samples than by increasing the number of individuals counted in both site (Fig. 1A, B) and group (Fig. 2) comparisons of the OR benthic data set.
Relative sources of site and group separation
We investigated why CS was affected by sampling effort. Within-site similarity increased with increasing sampling effort in our study (Appendix 1, Fig. 3A, B, Fig. 4A, B) . Betweensite similarity also increased with increasing sampling effort at all site comparisons (Appendix 2, Fig. 3C, D, Fig. 4C, D) . However, betweensite similarity increased much slower than within-site similarity over the same range of sampling effort (Fig. 3A, B and Fig. 4A, B cf. Fig.  3C , D and Fig. 4C, D) . Consequently, we conclude that increased site separation at greater sampling effort was caused by the greater rates of increase in within-site similarity than between-site similarity. Similarly, group separation increased because within-group similarity increased more rapidly than between-group similarity with increasing sampling effort (Fig.  3C, D 
Discussion
Effect of sampling effort on multivariate analyses
Scale dependence, including the effect of sampling effort, has been widely observed in many ecological studies (Levin 1992 , Cooper et al. 1998 , Crawley and Harral 2001 , but little information is available indicating an effect of sampling effort on the outcome of multivariate analyses (Podani et al. 1993) . Our study showed that sampling effort can significantly affect the separation between sites or groups of sites and, therefore, the outcome of multivariate analyses.
We did not examine the effect of sampling effort on ordination and cluster analysis directly for the reasons mentioned earlier; however, the significant effect of sampling effort on CS shown in our results suggests that the outcome of ordination and cluster analyses would be influenced by sampling effort. That suggestion is supported by Podani (1987) and Marchant (1990) . In some cases, the basic pattern reported did not change much, but some details of the pattern, the length of ordination axes, and the proportion of total variance explained by a par-SAMPLING EFFORT AFFECTS ASSEMBLAGE COMPARISONS FIG. 3. Effects of sampling effort on within-site and between-site similarity for Oregon macroinvertebrates. A and B.-Within-site similarity for the number of Surber samples and fixed counts, respectively. C and D.-Between-site similarity for the number of Surber samples and fixed counts, respectively. JC ϭ Jaccard Coefficient, BC ϭ Bray-Curtis Index. ticular axis changed considerably (Noy-Meir et al. 1970 , Gamito and Raffaelli 1992 , Pusey et al. 1998 . Site separation in ordination plots is often used for determining spatial patterns and assessing environmental impacts (e.g., Smith et al. 1988 , Bargos et al. 1990 , Clarke and Ainsworth 1993 . With a standard sampling effort, which is often small, multivariate analyses may detect a strong pattern or severe impact and researchers are likely to be satisfied with the results. However, when no clear pattern or clear separation between reference sites and potentially disturbed sites is observed with a particular sampling effort, the pattern and site separation might become clearer and stronger with greater sampling effort. Consequently, caution is advised in accepting a no-impact or no-pattern hypothesis in assemblage analysis and bioassessment when sampling effort is low. This general argument is supported by King and Richardson (2002) . They observed that the capability of NMDS to differentiate impacted sites from reference sites was considerably compromised by using low sampling effort, such as counts of 100 individuals. Our data indicate that CS of JC does not approach an asymptote if Ͻ10 Surber samples are taken and Ͻ500 individuals are counted (Fig. 2) .
Cause of increased site or group separation
Our analyses provided insight into how this sampling-effort effect occurred. Within-site sim- ilarity increased with increasing sampling effort, using JC and BC similarity indices (Wolda 1981 , Cao et al. 1997 ). However, between-site or between-group similarity could change in different ways in relation to sampling effort. Site and group separation improves with increasing sampling effort if the following patterns occur: 1) within-site or within-group similarity increases while between-site or between-group similarity decreases; 2) within-site or withingroup similarity increases while between-site or between-group similarity remains the same; and 3) within-site or within-group similarity increases faster than between-site or betweengroup similarity. The 3rd pattern occurred most frequently in our site and group comparisons.
Why might within-site or within-group similarity increase more rapidly than between-site or between-group similarity? In our study, this pattern was related to the size of species pools at different spatial scales. Similarity increased with increasing sampling effort because an evergreater proportion of the species pool was sampled. However, regional species pools are always larger than local pools (e.g., Angermeier and Winston 1998) . Consequently, the rate of increase in JC or BC between sites was slower than the rate of increase within sites, and even slower when comparing different regions because the interregional species pool is even larger.
CS is a simple measure of site or group sep-SAMPLING EFFORT AFFECTS ASSEMBLAGE COMPARISONS aration and has been used to compare alternative classification approaches for bioassessment, such as the use of ecoregions, catchments, and assemblage-based classifications (Hawkins et al. 2000a ). The CS observed was often low, e.g., Յ0.1 (Waite et al. 2000 , Sandin and Johnson 2000 , Johnson 2000 . The extent to which sampling effort affects CS likely varies from one region to another or from one classification approach to another, and it is difficult to extrapolate our results to other studies. However, sampling effort was no doubt an important factor in determining CS, and the differences in CS among different classifications might change with increasing sampling effort. This samplingeffort effect should be taken into account in interpreting the strengths of different classifications that are obtained with a particular sampling effort.
Assessing the stability of the results of multivariate analysis
Given that sampling effort is always constrained in practice, can we estimate and improve the stability of the outcome of assemblage-structure comparisons? The exact meaning of stability depends on the particular multivariate technique used. In general, stability includes the consistency of the relative locations of sites and assemblage-environment correlations in ordination with differing sampling effort. Here, we provide an indirect, but general, way to assess stability through the use of within-site similarity. Cao et al. (2002) demonstrated that traditional methods of standardizing sampling effort (e.g., by a fixed area or a fixed count) actually differentially represented the assemblages from which the samples were drawn. As a result, biases related to sampling effort could be introduced into assemblage comparisons, influencing the stability of the outcome of assemblage comparisons. Cao et al. (2002) proposed standardizing on within-site similarity (i.e., autosimilarity) to eliminate the bias. Because stability also depends on the level of within-site similarity, as our study showed, the level of within-site similarity on which sampling effort is standardized indicates the stability of outcomes of multivariate analyses. Cao et al. (2001) showed how standardization on withinsite similarity could be applied in the field to fish assemblage samples from streams and rivers. Standardizing sampling effort for macroinvertebrates combines decisions on the size of the area sampled (e.g., a 0.1-m 2 Surber sampler), the number and total area of samples, and the number of individuals counted. An individual Surber unit or pooling of several such units completely enumerated could be considered a sample; a composite of several Surber collections subsampled to achieve a fixed count could also be considered a sample. In either case, a replicate can be considered a 2nd sample of the same type. Standardizing sampling effort for between-site comparisons at a common level of within-site similarity is then guided by efficiently obtaining the replicate samples (balancing area sampled, number of samples composited, and number of individuals counted) such that additional replicates are processed if an initial set fails to achieve the desired within-site similarity. Clearly, no single prescription will work for all studies. However, standardizing on a within-site similarity target can guide the process.
Applying the same concept to group comparisons (e.g., between ecoregions) implies standardizing replicate similarity across the groups. In this case, each site in a group is considered a fundamental unit. Combining these units into larger and larger pairs until the desired withinregion similarity has been achieved, as we did with sample units from the same site, is one way to standardize the within-group sampling effort. It is likely that different numbers of sites would be used in each group being compared, a consequence of the differential representation of the group's species pool by the same number of sites.
How might one adopt these concepts when comparing biological assemblages using existing data? Two criteria might be used to estimate the stability of the outcome of multivariate analysis. One criterion is the mean within-site similarity across all sites in an analysis. The higher the mean within-site similarity across sites, the better characterized are the respective sites making up the comparison. A 2nd criterion is the variation in within-site similarity across sites; more accurate comparisons are expected if within-site similarity is similar across the sites being compared. As indicated in Appendix 1, within-site similarity varies across different sites at a standard sampling effort. This finding means that assemblages are likely to be differentially represented by the same sampling effort, introducing a bias into assemblage com- parisons (Cao et al. 2002) . This bias can contribute to unstable outcomes from multivariate analyses. Intuitively, the coefficient of variation (CV) in within-site similarity across sites could be used as a measure of sample comparability. JC within-site similarity characterizes species composition only and does not involve the choice of data transformations, and it is positively and strongly correlated with the proportion of a species pool covered by a sample (Cao et al. 2001 (Cao et al. , 2002 . Therefore, sample comparability can be expressed as 1 Ϫ CV JC , ranging between 0 (incomparable) to 1 (entirely comparable). Sample comparability is always 1 when sampling effort is standardized exactly on a particular value of JC within-site similarity. Sample comparability can be high or low when mean JC within-site similarity is low, but sample comparability is likely high when mean JC within-site similarity is high. We applied 1 Ϫ CV JC and mean JC within-site similarity to the OR and WY data (Table 3) . Sample comparability (1 Ϫ CV JC ) for both data sets was high (Ͼ0.81), and increased by Ͻ0.14 with substantially increased sampling effort. However, the mean within-site similarity levels were quite different. At a sample effort of 4 units, the WY sites reached a mean JC of 0.94 and BC of 0.86, compared with a mean JC of 0.66 and BC of 0.80 for 10 Surber samples from the OR sites. Consequently, a multivariate analysis of the WY data would be more stable than one of the OR data. In addition to these criteria for evaluating stability, empirical guidelines can be derived from the shape of the CS sampling-effort curves. The rate of increase of CS markedly slowed beyond a 500 count or 10 Surber sampling effort (Fig. 2) , and this sampling effort might be considered sufficient for this particular study. For macroinvertebrate-based bioassessment studies in the USA, a 100-count protocol has been most commonly used, followed by a 300-count protocol (Carter and Resh 2001) . For fixed-area sampling, 3 to 5 Surber samples are usually collected (Resh and McElravy 1993) . Our evaluation indicates greater effort is likely needed for accurate assemblagestructure comparisons (Fig. 2) .
However, none of these criteria should be used alone to directly determine the sufficiency of sampling effort in a particular study because the sufficiency would depend on 1) the strength of the pattern or impact, 2) the precision and accuracy needed to quantify the patterns or impacts, and 3) available resources. Nevertheless, the outcome of multivariate analyses would not be reliable if within-site similarity is low and highly variable, and caution should be used when interpreting the results. In contrast, the outcome deserves confidence if 1 Ϫ CV JC and mean within-site similarity are high.
In summary, we examined how sampling effort affects site and group separation in comparisons of stream assemblages using similarity analysis. Both within-site and between-site similarity increased with increasing sampling effort, but between-site similarity increased more slowly, particularly when the 2 sites compared were from 2 different ecoregions. Consequently, the CS between sites or site groups increased with sampling effort. An entirely stable CS is rarely feasible, so we suggested 2 additional criteria, mean within-site similarity and 1 Ϫ CV JC across sites, to estimate the stability of outcomes of multivariate analyses. 
